Dose from radiation exposure can be estimated from dicentric chromosome (DC) frequencies in metaphase cells of peripheral blood lymphocytes. We automated DC detection by extracting features in Giemsa-stained metaphase chromosome images and classifying objects by machine learning (ML). DC detection involves i) intensity thresholded segmentation of metaphase objects, ii) chromosome separation by watershed transformation and elimination of inseparable chromosome clusters, fragments and staining debris using a morphological decision tree filter, iii) determination of chromosome width and centreline, iv) derivation of centromere candidates and v) distinction of DCs from monocentric chromosomes (MC) by ML. Centromere candidates are inferred from 14 image features input to a Support Vector Machine (SVM). 16 features derived from these candidates are then supplied to a Boosting classifier and a second SVM which determines whether a chromosome is either a DC or MC. The SVM was trained with 292 DCs and 3135 MCs, and then tested with cells exposed to either low (1 Gy) or high (2-4 Gy) radiation dose. Results were then compared with those of 3 experts. True positive rates (TPR) and positive predictive values (PPV) were determined for the tuning parameter, . At larger , PPV decreases and TPR increases. At high dose, for = 1.3, TPR = 0.52 and PPV = 0.83, while at = 1.6, the TPR = 0.65 and PPV = 0.72. At low dose and  = 1.3, TPR = 0.67 and PPV = 0.26. The algorithm differentiates DCs from MCs, overlapped chromosomes and other objects with acceptable accuracy over a wide range of radiation exposures.
Introduction
Clastogenic events producing dicentric chromosomes (DC) are among the most reliable biomarkers of radiation exposure. These events are infrequent relative to the background of normal monocentric chromosomes (MC), thereby requiring many cells for accurate dose estimation. This has motivated efforts to automate cytogenetic image analysis. This task has been a longstanding challenge in computer vision research (Bayley et. al. 1991) , largely because chromosome morphology is incredibly variable between metaphase cells and different preparations and laboratories. The reasons include differences in chromosome structure, staining methods, biological effects and differences in sample preparation methods. Metaphase cell selection strongly influences the accuracy of these analyses. Content and classification-based methods have been used to rank metaphase cell images based on chromosome number and degree of chromosome overlap (Kobayashi et al. 2004 ). Nevertheless, advances in automated karyotyping have been limited by the accuracy of algorithms, and hidden implementation details of commercial products.
Spurious branches produced by medial axis thinning of irregular chromosome objects can lead to incorrect centromere placement. We developed an algorithm to calculate the centerline of the chromosome that excluded spurious branches and was independent of overall morphological differences (Subasinghe et al. 2010; Subasinghe et al. 2013 ). This approach spurred new strategies for centromere detection using curvature rather than width to determine centromere location (Mohammaed 2012) or artificially straightened chromosomes to create a trellis perpendicular to the centerline (Jahani and Setarehdan 2012) . However, these methods, including our own, require objects with smooth chromosomal boundaries. The presence of irregular contours adversely impacts the centreline, and consequently, the accuracy of features used to infer centromere location. Centerline-based results are also affected by chromosomes exhibiting sister chromatid separation (SCS).
Metaphase images containing ~46 individual, non-overlapped chromosomes without SCS will yield the most accurate DC detection. In practice, such ideal images are uncommon among cell preparations in biodosimetry laboratories so a method of selecting appropriate metaphases or dealing with overlaps is required. In this manuscript, we present a series of image processing methods to automate detection of DCs. The process involves selecting metaphase cells with optimally distributed chromosomes (Kobayashi et al. 2004 ) from a sample, defining the boundaries of the remaining chromosomes, detecting centromere candidates, and discriminating mono-from dicentric chromosomes. When multiple chromosomes overlap or touch in an image, these clusters are preprocessed and separated by a watershed transform, which ensures that valid chromosome objects are processed.
The method segments the chromosome objects using local thresholding and draws object outlines by Gradient Vector Flow (GVF) active contours (Xu and Prince 1998) . Once the object is extracted based on the GVF outline, the contour of the chromosome is partitioned along the centreline using a polygonal shape simplification algorithm called Discrete Curve Evolution (DCE) Lakamper 1999, Bai et al. 2007) .
We recently implemented a centromere localization algorithm, which is refractory to the confounding effects of highly bent chromosomes and SCS (Subasinghe et al.2015) . Since centerline-based centromere detection tends to perform better than other approaches, the centerline is used to partition the chromosome contour into two nearly symmetric regions. The centerline is not used to measure chromosome width or other properties. As a result, the boundary texture does not affect the smoothness of the width profile measurements which are used to locate centromeric constriction(s). Once the contour is partitioned and segmented, an Intensity Integrated Laplacian (IIL) thickness measurement algorithm (Subasinghe et al. 2013) integrates pixel intensities, resulting in vectors traced axially along homogenous intensity regions, analogous to chromosome bands. Here, we derive features in chromosome images to rank centromere candidates by Support Vector Machine (SVM) learning. These features represent various aspects of the geometry and other properties of the chromosome at the locations of the selected candidates. A second SVM is then used to discriminate monocentric and dicentric chromosomes.
Materials and Methods
The algorithm and software separates and isolates chromosomes, localizes centromere candidates within each, then processes the candidates to distinguish MCs from DCs. This is done by extracting valid chromosomes from images of complete metaphase cells using customized image-processing methods, computing quantitative features from these images as input to pretrained ML models that optimize identification of DCs among a larger population of MCs.
Image Segmentation
All objects in images are first segmented and binarized by local intensity thresholding (Otsu 1979) . The foreground objects obtained are a mixture of single chromosomes, clusters of overlapped or touching chromosomes, nuclei and staining debris. Touching and overlapped chromosome clusters are problematic for DC analysis as their inclusion presents multiple centromeres in one object. To separate chromosome clusters into individual chromosomes, we perform a watershed-based method. The watershed transform, a widely used technique in image segmentation (Meyer 1994) , treats an image as a surface and consequently finds catchment basins and ridge lines that separates domains of the object. The transform is guided by seeds placed by users to match possible basins on the image. Aggressive intensity re-thresholding on foreground pixels is calculated for all objects. New segmented regions act as seeds in the watershed transform. Therefore, the ridge pattern combines intensity and positioning information, which provides a possible separation strategy for the object ( Figure 1A ). However, single chromosomes with considerable SCS or non-uniform staining can also be broken at the site of a ridge pattern. Fragments caused by incorrect splitting exhibit different morphological characteristics from complete chromosomes. We established three simple empirical conditions based on feature length, perimeter and area to prevent inappropriate splitting of chromosomes ( Figure 1B ). Ridges that meet any of the conditions are considered to split a single chromosome and are therefore discarded. The two parts of an object separated by a ridge (R) are referred to as and .
Condition 1: .
Condition 2: .
Condition 3: 85% of , 's area are spatially symmetric with being the axis and .
Conditions 1 and 2 are designed to avoid breaking of complete chromosomes. Condition 3 prevents splitting of sister chromatids. All parameters for these conditions have been heuristically chosen and validated with large numbers of images containing touching and overlapping chromosomes. However, separation of these objects cannot be guaranteed.
To filter out non-chromosomal objects, we examined the sizes, brightness and contours after segmentation of all objects in an image. Upper and lower thresholds for chromosome area and average intensity have been determined from statistical distributions of these values from analysis actual chromosomes in a set of metaphase cells. Chromosome fragments, nuclei and staining debris are eliminated if they are respectively above or below the thresholds for either chromosome area ( >5x the area of neighboring median object size or <200 pixels 2 ) or intensity (>20x mean intensity of median size objects or <40x mean intensity of median size objects). To detect overlapping chromosomes and other unfiltered chromosomal objects in the image, the contour of each object was analyzed. We measure the point-wise inner distances ( 
Centromere Localization
Chromosomes are serially processed by the GVF, DCE and the IIL algorithms [Subasinghe et al. 2013 ], then candidate centromeres are selected from local minima along the width profile of each chromosome. A Support Vector Machine (SVM) was previously trained on 11 image analysis features (Subasinghe et al. 2015) to find the strongest candidate centromere with the based on its distance to the hyperplane relative to all others. Briefly, these features describe: i) the local minimal chromosome width, the pixel intensity at each candidate; ii) differences between a curve fit to the width profile and the profile itself; iii) the maximal width adjacent to the candidate; iv) the beginning and end coordinates of the Intensity Integrated Laplacian vectors, v) the shortest distance from the candidate to the end of the centerline; and vi) the ratio of width at the candidate to the average width of all points along the centerline.
This centromere SVM identifies a single candidate as the centromere, regardless of whether the chromosome is MC or DC. To identify secondary centromere candidates, the top candidates are sorted in order of their signed distances to the SVM hyperplane and the two best candidates are then analyzed. The true centromere(s) are expected to be present among the candidates. In the case of a MC chromosome, the two candidates comprise a true centromere and a noncentromeric region; for DC chromosomes, both candidates would include the true centromeres.
To improve the accuracy of centromere assignment, it was necessary to incorporate 3 additional image features (A1 -A3, defined below) in the centromere SVM, defined as follows. For each chromosome, let denote the point on its centerline. We introduce the following notations:
refers to the image intensity value at . and refer to the width profile at , or of the interval .
refer to the quadratic curve fit to the width profile at . and refer to Laplacian start and end points corresponding to .
For each centromere candidate k of the same chromosome, , the additional features are described below: A1:
. This is the normalized intensity of the candidate.
A2:
. This feature is the turning angle between the start and endpoints of the Intensity Integrated Laplacian vector at the candidate.
A3:
. The difference of the fitted quadratic width and the actual width of the candidate.
Feature A1 extracts intensity values at the centromere candidates. Feature A2 prevents false candidates at bending or twisting regions in a chromosome. The width profile of a chromosome contains a set of discrete width values with peaks in the middle and valleys at the ends of each which are fit to a quadratic function. Centromeres normally show significant reduction in width due to constrictions at these contour coordinates. This chromosome property can be captured by comparing the actual width profiles at the centromere candidates to their expected widths fit to the quadratic function. Feature A3 in the centromere SVM measures the difference between these values. Along with the original features, the final centromere SVM uses 14 features to select the optimal candidates used in the detection of DCs.
DC Detection
A compound ML model was developed to discriminate MCs from DCs. The components of the model included a second SVM trained to recognize MCs and DCs, whose accuracy was enhanced with a Boosting Classifier (Viola and Jones 2001) . Given the two candidate centromeres, the method generates a set of features for a chromosome which characterize their respective impacts on chromosome structure. We developed a set of image features (F1 -F16, defined below) to train the MC-DC SVM to distinguish between them. In a DC, each candidate is expected to exhibit a constriction of similar magnitude, but their respective widths will differ in MC chromosomes. The MC-DC SVM analyzes selected candidates in the context of the chromosome. Significant variation between the morphologies of different chromosomes required some features to be designed to mitigate the occurrence of false positive DCs, which were, in fact, true MCs. To illustrate these features, we use to denote the point along the centerline of a chromosome. In addition to the expressions defined above, we also introduce the following symbols:
refers to the normalized accumulated Euclidean distance between and along the centerline.
refers to the distance from to the hyperplane in the centromere SVM, if it is a candidate. and refer to 's Euclidean distances to and .
and denote the mean and standard deviation, respectively, for sample distributions.
We define the selected centromere candidates as and , with , and summarize features based on these candidates in the MC-DC SVM below: 
Software Organization
The algorithms were originally developed in MATLAB, and the finished software has been implemented in C++. The current version has been re-organized from its last release, logically divided into four layers. The architecture is indicated in Figure 2 . (Figure 3) .
Results

Data sources
Unlike the centromere detection procedure, most experimental data analyzed are from cells that have been exposed to calibrated gamma or X-ray radiation sources. The microscopy images of metaphase cells were generated in biodosimetry laboratories at Health Canada (HC) and
Canadian Nuclear Laboratories (CNL). Experts in these laboratories determine the biological level of radiation exposure in accidents and other exercises. The datasets were comprised of multiple batches of images from samples of different known radiation exposures (from 1-4 Gy).
Cytogenetic experts collected chromosome information for routine biodosimetry exercises, which have been used to develop and test the automated methods described in this study. Distinct datasets were used to derive the ML models and to evaluate their performance by cross-
validation. An early version of the software was used to record key attributes used for training, ie. 3 experts marked all true centromeres amongst the set of candidates on each DC chromosome, and denoted false positive DCs.
Cytogenetic specialists at UWO, HC, and CNL used the graphical user interface version of the software (Figure 2) , which provided training data for the SVM that indicated ground truth designations of dicentric, and in some instances, monocentric chromosomes. Chromosomes were first classified by a SVM; then, users scored chromosomes as DC or MC by confirming or correcting this classification. Scoring differences resulted from SVMs with different sigma values (1.4 vs. 1.5), and scoring criteria adopted by different specialists. For example, the classification of dicentric acrocentric chromosomes depends on the length of the p arm and the proximity of. the centromere to the nearest telomere. If this distance is particularly short, i.e. less than the chromatid width, a potential DC is not counted as dicentric, as the determination is ambiguous for the software. Differences between scores were then discussed and usually could be resolved by joint review. Any remaining discrepancies are reported in the final results.
The metaphase image data were divided into 3 groups, according to how each was scored.
Cytogenetic experts scored all DCs in each dataset. Dataset 1 contained 281 fully labeled metaphase images with centromeres marked by experts. 266 DC chromosomes, 3,222 MC chromosomes are present in dataset 1, with all other segmented objects being chromosome clusters, nuclei and staining debris. In dataset 2, only true DC chromosomes are scored while other objects, including MC chromosomes, are ignored. In dataset 2, we observed 531 DC chromosomes and 13,898 other objects from 612 images. Both datasets 1 and 2 are from cells exposed to 3-4 Gy (high-level) gamma radiation. The image segmentation of these datasets was subjected to intensity thresholding without application of the watershed method. The final dataset 3, comprises a wide range of doses and has been separated into 1 Gy (low dose) and 3-4
Gy high dose subsets. This dataset 3 was analyzed with a version of the algorithm that included watershed segmentation.
Image Segmentation
The watershed separation and the segmentation components were tested with an dataset enriched in chromosome clusters created from 60 metaphase images from dataset 1. It contained 2340 objects including 1762 single chromosomes, 349 chromosome clusters and 229 nuclei and debris or fragmentary objects. The watershed method separates 294 chromosome clusters, or 84% of the set of 349. Some single chromosomes (n=48) were inappropriately broken by the watershed method, however 1714 (97%) remained intact. A portion of whole nuclei, fragments and debris objects (n=84) were also split by the watershed method, however none of these were classified in subsequent steps as either MC or DCs.
Centromere SVM
The centromere SVM model in our DC analysis selected centromere candidates to provide information to assign the type of chromosome by the MC-DC SVM. We evaluated the performance of the centromere SVM on the basis of selected candidates that identified true centromeres. Only DCs were assessed, as it was very rare that the centromere in a MC was not among the two candidates. The detection accuracy based on the 2 most highly-ranked centromere candidates in a chromosome was compared with the 4 top-ranked candidates. Both centromeres in a DC were required to be identified in either the top 2 or top 4 candidates. In dataset 1, a 5fold cross-validation was carried out with 4 of 5 DCs defined as training data and the remainder were used for testing the SVM Subsequently, the full centromere SVM was trained with all DCs in dataset 1, and tested with data from dataset 2 (results are shown in Table 1 ). In addition to cross-validation, we also tested dataset 2 using a Boosting-SVM model that was trained using dataset 1. By contrast with dataset 1, MC chromosomes were not scored or labeled in dataset 2. Since MC-DC SVM distinguish DC from non-DC objects, and the non-DC objects comprise a mixture of MCs, intact nuclei, debris and acentric fragments, this is actually a more stringent evaluation than the original approach. The centromere and MC-DC SVMs correctly selected 371 of the 531 DCs present (Table 3) .
Dicentric chromosomes (FNs) missed in dataset 2 were then reclassified and appended to the DC training data as TPs, the MC-DC SVM was retrained, and then tested on independent dataset 3.
A cytogenetic expert in our research group (JHMK) scored DCs of all metaphase cells in dataset 3 as ground truth. Specialists from HC and CNL also scored a common subset of 144 of these metaphases in the high-dose subset for comparative study. Comparison of the retrained model with the ground truth scoring indicated retraining the model significantly increased the PPV (approximately 20%).
In the high dose exposure subset, the software segmented 14428 objects, averaging 40 objects per metaphase. Our UWO expert (JHMK) designated 476 objects as DCs, with 179 in the 144 metaphase cells scored by all experts. At low-dose (1 Gy), the software detected 8,041 objects, an average of 38.7 objects per image. The DC chromosomes in cells exposed to low dose radiation are infrequent. The expert (JHMK) found 27 DC chromosomes in the low-dose subset.
The comparison of the MC-DC SVM with ground truth and inter-specialist comparisons are shown in Table 4 . The results are stratified according to (a) a subset of DCs from cells exposed to high dose radiation scored by all experts and compared those produced by the software, (b) all 
Discussion
The overall accuracy of the DC detection algorithm relies on the combined performance of its three components: chromosome segmentation, centromere candidate assignment, and discrimination of DCs and MCs. However, image segmentation of metaphase chromosomes is not a trivial task. Under-segmentation hindered the performance of early releases of ADCI. To perform dose assessment will require constructing calibration curves from automated analysis of all DCs in a set of metaphase cells, and using these curves to predict doses for test samples processed using the same algorithms. Dose assessment comparisons between cytogenetic experts and the software will also be critical for adoption of automated approaches. 2 The DC chromosome subset commonly scored by UWO, HC, and CNL and by the software was exposed to high dose radiation. 3 All data in the high-dose subset, scored by UWO and the software. This includes images that were not scored by all three experts. N/A: not applicable; TPs: true positive DCs; FPs: false positive DCs; PPV: positive predictive value; TPR: true positive rate 
